As global efforts to protect ecosystems expand, the socioeconomic impact of protected areas on neighboring human communities continues to be a source of intense debate. The debate persists because previous studies do not directly measure socioeconomic outcomes and do not use appropriate comparison groups to account for potential confounders. We illustrate an approach using comprehensive national datasets and quasi-experimental matching methods. We estimate impacts of protected area systems on poverty in Costa Rica and Thailand and find that although communities near protected areas are indeed substantially poorer than national averages, an analysis based on comparison with appropriate controls does not support the hypothesis that these differences can be attributed to protected areas. In contrast, the results indicate that the net impact of ecosystem protection was to alleviate poverty.
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conservation policy | poverty | empirical evaluation | protected areas | ecosystems T he effect of national parks and reserves on their human neighbors is arguably the most controversial debate in conservation policy (1) (2) (3) (4) (5) (6) (7) (8) (9) . This debate is particularly contentious in developing nations and has intensified recently as these nations contemplate expanding and strengthening protected area systems under agreements to reduce carbon emissions from deforestation and degradation (REDD) (10) . Because ecosystem protection limits agricultural development and exploitation of natural resources (11) (12) (13) (14) , opposition to protected areas is frequently driven by the assumption that they impose large economic costs and thus exacerbate local poverty (4, 15, 16) . However, protected areas can also generate economic benefits by supplying ecosystem services, promoting tourism, and improving infrastructure in remote areas. Net impacts on poverty could thus be positive or negative (1, 2, 8, 17, 18) . Recognizing this debate, the 2003 World Congress on Protected Areas' Durban Accord (page 4) urged society to commit "to protected area management that strives to reduce, and in no way exacerbates, poverty" (16) .
Assessing empirically whether protected areas have achieved this goal of "do no harm" is difficult. Many studies document high poverty levels and negative community events that are associated with the establishment of protected areas (see references in refs. [19] [20] [21] . However, these studies do not clearly demonstrate a causal link between protection and poverty because they fail to use direct measures of socioeconomic wellbeing and to control for confounding effects of geographic and baseline characteristics (5-7, 9, 20) . Protected areas are frequently established in remote areas with high poverty rates and low-quality agricultural land (22) . To judge whether protected areas are responsible for exacerbating poverty, the appropriate comparison must be between communities living in or near protected areas and communities with similar characteristics and trends that are not affected by protected areas (8, 18, 23) .
We achieve this requisite comparison through a quasi-experimental design that improves on previous studies in four significant ways. First, we use poverty measures based on household-level surveys. Household-level data on tangible assets provide the most reliable comparative indicators of human welfare. Second, we analyze impacts at the local scale, which matches the scale at which protected areas are likely to affect communities (see ref. 24 for a discussion on importance of scale). Third, we employ matching methods to select appropriate control communities. These controls are used to answer the central research question: "How different would poverty have been in communities around protected areas in the absence of these areas?" We compare communities heavily affected by protected areas (treated) with similar communities that are less affected by protected areas (controls). Matched control communities are chosen to be similar to treated communities with respect to confounding baseline characteristics that may affect both the placement of protected areas and how poverty changes over time. Matching methods thus ensure that the impacts observed in this study are not due to broader trends in economic growth and poverty reduction, which would affect both treated and control communities. Fourth, our study estimates long-term system-wide impacts, rather than the impacts of a single protected area or small set of protected areas. We study impacts in Costa Rica and Thailand because they are biodiverse developing nations with reliable national statistics and were early adopters of protected area systems, yet they have quite different institutional, economic, and ecological histories.
Poverty Measures and Protected Areas
Our poverty measures are based on national census data of household characteristics and assets (see Materials and Methods and SI Appendix). In Costa Rica, we use a poverty index (25) . In Thailand, we use the poverty headcount ratio, which is the share of the population with monthly household consumption below the poverty line (26) . Larger values of both measures imply greater levels of poverty. The unit of analysis for Costa Rica is the census segment (tract), and for Thailand the subdistrict. The outcome of interest is poverty in 2000.
We focus on protected areas created 15 or more years before the poverty outcomes are measured to study longer-term impacts. The treated units are defined as segments and subdistricts with 10% or more of their areas protected by 1985 in Thailand and by 1980 in Costa Rica. We select a 10% threshold because it reflects the call by the fourth World Congress on National Parks and Protected Areas to protect 10% of each of the world's major biomes by 2000, and by the Conference of Parties to the Convention on Biological Diversity to conserve 10% of each of the world's ecoregions. The group of available controls, from which matched controls are selected, comprises segments or subdistricts with <1% of their areas protected before 2000.
Constructing Comparison Groups
Globally, the overlap between areas of high poverty and high biodiversity is large (27) . In Costa Rica, the mean poverty index in treated (protected) segments was more than five points higher in 2000 than in control (unprotected) segments; a difference greater than one standard deviation. This large difference, however, does not necessarily reflect a causal relationship between poverty and conservation. Segments overlapping with protected areas were already among the poorest segments at baseline (Fig. 1) . 3 These baseline differences are important because poverty at baseline and in 2000 are highly correlated (r = 0.83). Protected areas were also placed in areas with low geographic potential for economic growth. As shown by Fig. 2 , treated subdistricts in Thailand were considerably steeper than control subdistricts. In both countries, treated areas had lower expected land productivity and at baseline were more forested and less accessible to roads and markets (Table S5 and Table S6 of SI Appendix).
Spatial overlap between protected areas and low economic potential is a global phenomenon (see references in refs. 11 and 22) . A credible analysis must control for confounding baseline characteristics that affect both the placement of protected areas and changes in poverty. We identify potential confounders based on the history of protected area establishment and patterns of economic growth in rural Costa Rica and Thailand. These confounders include preprotection poverty, forest cover, land productivity, and access to transportation and market infrastructure (Table S1 and Table S2 of SI Appendix).
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To control for these confounders, we use matching methods with bias-adjustment for imperfect matching in finite samples (28) . The goal of matching is to ensure the covariate distributions of treated and control units are similar (called covariate balancing), thereby removing observable sources of bias. Matching can be viewed as a way to make the treated and control covariate distributions look similar by reweighting the sample observations (e.g., control units that are poor matches receive a weight of zero). Matching thus mimics experimental design by ex post construction of a control group (see Materials and Methods for details). For both samples, the covariate balance improves dramatically after matching (Table S5 and Table S6 of SI Appendix). (Table S7 of SI Appendix presents estimates in tabular format). The first (dark gray) bar in each panel presents the differences in means of 2000 poverty measures between treated and untreated areas without controlling for baseline differences. The positive signs of the estimates seem to suggest that protection exacerbated poverty.
Results

Fig. 3 presents impact estimates for both countries
In contrast, the impact estimates based on matching to control for confounders (lighter bars) indicate that protection reduced poverty. The second bar in the left panel shows that the mean poverty index among Costa Rica's treated segments was ∼1.3 points lower than matched control segments. This estimate implies that ∼10% of the poverty reduction observed in treated segments over time is attributable to protected areas. The second bar in the right panel shows that the mean poverty headcount ratio among treated subdistricts in Thailand was 7.9 percentage points lower than matched control subdistricts. This value corresponds to ∼30% of the counterfactual poverty level, which is represented by the mean poverty headcount ratio for the matched control subdistricts. The third bars in each panel present estimates based on matching using calipers to improve covariate balance. Calipers define a tolerance level for judging the quality of the matches: if available controls are not good matches for a treated unit (i.e., there is no match within the caliper), the unit is eliminated from the sample [see SI Appendix (Methods) for details]. The estimated impacts on poverty are similar to the estimates generated without calipers.
Another way to indicate the relative magnitudes of the impacts is to normalize the results using effect sizes calculated by dividing the average treatment effect on the treated estimate by standard deviation of the matched control units. For Costa Rica, the estimated effect sizes on the poverty index from matching without and with calipers are −0.20 and −0.22, respectively. For Thailand, the estimated effect sizes on the headcount ratio from matching without and with calipers are −0.43 and −0.30.
Thus, although a simple comparison of mean differences in postprotection poverty suggests that protection exacerbated poverty, there is no evidence of such an impact conditional on baseline characteristics. In fact, the evidence suggests the opposite: protection contributed to poverty alleviation.
Robustness Checks
We conducted a series of robustness checks (see SI Appendix for details). As an alternative postmatching model to estimate treatment effects and control for imperfect covariate balance, we estimated postmatching, linear regressions using the matching covariates and extended sets of covariates (Table S10 and Table  S11 of SI Appendix). We also changed the cut-off date to include all protected areas established before 2000 (Table S15 of SI Appendix) and changed the protection threshold defining treatment from 10% to 20% and 50% (Table S16 of SI Appendix). The estimated treatment effects are consistently negative and significantly different from zero.
One rival explanation for our results is that protected areas displace poor people into control segments or subdistricts, thereby making protection falsely appear to alleviate poverty. To test this hypothesis, we estimated the effect of protected areas on population (Table S12 of SI Appendix). The estimated effects of protection on population density and growth rates are small and statistically indistinguishable from zero (P > 0.10), which could be consistent with an emigration story only if the exodus of poor people were matched by a countervailing influx of wealthier people.
Another rival explanation is that protection had negative effects on poverty in nearby control segments or subdistricts. To assess this explanation, we re-estimated the treatment effects after excluding all control units within 10 km of a protected area-i.e., those that might be contaminated by spillovers. We also directly estimated local spillovers by matching control units located within 5 km of a protected area to control units farther away from protected areas. The results do not support the rival spillover explanation (Table S17 of SI Appendix): in contrast, the results suggest that if spillovers exist, they are positive, which implies that our estimates are biased toward zero rather than away from zero.
A third rival explanation is that in spite of our efforts to control for observable sources of bias, we may have omitted a confounding variable that is positively correlated with both protection and poverty reduction. Sensitivity analysis examines the degree to which uncertainty about hidden biases in the assignment of protection could alter our conclusions. We use Rosenbaum's (29) recommended sensitivity test (see SI Appendix for details). In both countries, our finding that protection did not exacerbate poverty could change only in the presence of a powerful unobserved confounder, strongly correlated with both protection and poverty alleviation (see Table S8 and Table S9 of SI Appendix).
Discussion
Many authors have noted a dearth of empirical evidence in conservation policy (e.g., refs. 23 and 30). Previous studies examine the environmental impacts of protected areas (11-13, 31-37), but one of the most contentious debates in conservation science and policy is the impact of protected areas on the human welfare of neighboring communities. The debate remains contentious because previous studies have failed to use direct measures of human welfare and empirical designs that estimate counterfactual outcomes: how would these communities have fared in the absence of protected areas? Estimating counterfactual poverty levels requires one to control for factors that jointly affect where protected areas are established and the local dynamics of economic growth and poverty. We demonstrate that such control can be obtained by combining available secondary data, which provide objective quantitative measures of poverty and confounders, with statistical methods designed to identify causal relationships. Our study highlights the need for cooperation between groups collecting spatially explicit data on poverty, protected areas, and land-use/land-cover change. 5 Despite the differences in Costa Rica's and Thailand's institutions, economic development trajectories, and protected area system histories, we find no evidence that their protected areas systems have exacerbated poverty on average in neighboring communities. In fact, we find the opposite: if anything, protected areas have reduced poverty. 6 This result is remarkable given that previous studies have shown that protected area systems in these two nations have reduced deforestation (11, 39) . These results thus support recent claims, based on an examination of World Bank project evaluations, that biodiversity conservation is not necessarily incompatible with development goals 7 Fig. 1 . Costa Rican protected areas established before 1980 were placed in census segments that had baseline poverty indices three times higher than segments without protected areas. The odds of a segment having >10% of its area protected before 1980 are >20 times higher for segments with aboveaverage baseline poverty. 5 For example, the UNEP-WCMC Vision 2020 project seeks to expand the World Database on Protected Areas to socioeconomic issues as well as develop indicators related to protected areas and social impacts. 6 Our results, which focus on changes in poverty, do not call into question the widely held belief that many of the benefits of biodiversity protection are enjoyed by residents far from protected areas while many of the costs are incurred by local people (38). 7 Although our conclusion that protected areas reduce poverty appears to be consistent with the results of Wittemyer et al. (9) , they use population growth as a proxy for socioeconomic benefits. In our study, population, whether measured as densities or as growth rates, was not significantly affected by protected areas in either nation (see SI Appendix for details). In Costa Rica, if one did not control for confounding factors in estimating the population impact of protection, one would have erroneously inferred that protection caused a significant population increase.
(40). Our results also suggest that protecting biodiversity can contribute to both environmental sustainability and poverty alleviation, two of the United Nations Millennium Development Goals (41, 42).
Several caveats should be emphasized. First, we measure the average net impact of protected areas on poverty. Our results do not imply that all segments, subdistricts or poor households experienced poverty alleviation from protected areas. Second, we measure the impact of protected areas over decades. Short-term impacts may differ. Third, our measures of poverty are based on a limited set of material dimensions and do not capture all dimensions of social welfare (43) (e.g., hard-to-measure aspects such as "feeling in control of one's life" or "ability to maintain cultural traditions"). Future collaborative evaluations among anthropologists and economists could explore other dimensions (44). Finally, our analysis does not elucidate the specific mechanisms through which protected areas may have reduced poverty. We speculate that benefits to local residents have included tourism business opportunities, investments in human and physical capital by national and international agents, and the maintenance of ecosystem services (39, 45, 46). Research to understand these mechanisms is a clear future priority.
Finally, Costa Rica and Thailand are not representative of all developing nations. They have both experienced rapid macroeconomic growth (47, 48), have had relatively stable political systems, have made substantial investments in their protected area systems, and have relatively successful eco-tourism sectors. Thus whether our results would hold for other nations is an open question. Our study can, and should be, replicated in other nations, as well as extended to include a variety of land governance regimes (e.g., indigenous reserves) and explorations of the ways in which impacts vary based on observable covariates and protected area management status (49). Only through multination replications and extensions can we obtain a global picture of the impacts of protected areas on human welfare.
Materials and Methods
For more details on data and methods, see SI Appendix and Tables S1-S4. , and the locations of major cities were provided by the Earth Observation Systems Laboratory, University of Alberta, Canada. Other GIS layers are land use capacity (source: Ministry of Agriculture) and roads digitized from hard copy maps for 1969 (source: Instituto Geográfico Nacional, Ministerio Obras Publicas y Transporte). The poverty index builds on recent efforts to develop a census-based poverty index for Costa Rica (25) . Summary statistics of the data are presented in Table S1 of SI Appendix.
For Thailand, we use data from a poverty mapping analysis (26) which combines data from the Thai Socio-Economic Survey 2000, the Thai Population and Housing Census 2000, and the 1999 Village Survey. Instead of the poverty headcount ratio used in the main text, one could also use the poverty gap, which measures the mean distance between household consumption and the poverty line. Using the gap yields the same conclusions ( Table S2 of SI Appendix.
The units of analysis, poverty measures, and covariates are described in the main text, and further details, including the methods for deriving the poverty measures and the motivation for selecting covariates, are provided in SI Appendix.
Methods. We use matching methods to estimate the effect of protected areas on poverty in communities near protected areas: the Average Treatment Effect on the Treated (see SI Appendix for details). Matching was done in R (50). We selected the matching method that produced the best covariate balance with each country sample (51). For Costa Rica, we chose covariate matching that uses the Mahalanobis distance metric. For Thailand, we chose nearest-neighbor propensity score matching with exact matching on district. All matching is one-to-one with replacement: each treated unit is matched to one control unit. Based on recent work that demonstrates that bootstrapping standard errors is invalid with nonsmooth, nearest-neighbor matching with replacement (52), we use Abadie and Imbens' variance formula whose asymptotic properties are well understood (28) . We use the version that is robust to heteroskedasticity. We use a postmatching biascorrection procedure that asymptotically removes the conditional bias in finite samples (28) . For caliper matching, we define the caliper as one standard deviation of each matching covariate. Fig. 3 . Do protected area systems exacerbate poverty? Poverty rates in 2000 were, on average, higher near Costa Rica and Thailand protected areas, seemingly suggesting that protected area systems have exacerbated poverty (dark bars). However, estimates using matching methods to control for differences in baseline characteristics that affect both poverty and the location of protected areas indicate that protected areas have alleviated poverty (lighter bars). Bars refer to 95% confidence intervals. Standard errors for matching estimates were calculated using the robust variance formula in ref. 27 . A t test is used to assess the difference in means between treated and control units. Asterisks refer to tests of the null hypothesis of zero impact (**, P < 0.05; ***, P < census, the relative size and number of segments shifted considerably between both census years.
Therefore, we faced the challenge of reconciling segment geography from the two periods. We overcome this challenge by using an areal interpolation technique known as areal weighting (1, 2). Using the TwoThemes extension developed for ArcView®, we aggregated 2000 census data to the 1973 segment boundaries, and disaggregated 1973 census data to the 2000 segment boundaries.
Areal interpolation assumes spatial homogeneity within the unit of analysis. We believe it is more accurate to assume spatial homogeneity for the 2000 census segments than to do so for the Robustness Checks').
* We have anecdotal evidence from INEC that these two segments were not surveyed in 1973 because there were no residents within those segments at that time.
In the Thailand analysis, the unit of analysis is a subdistrict ("tambon"). In descending order of size, Thailand has administrative units of "province," "district," "subdistrict," and "village." The sample consists of subdistricts in the North and Northeast regions, where the majority of protected forest areas are located. We exclude subdistricts that are less than 10 km away from a major city (population > 100,000; all of these cities had been established by the 1960's). The average size of a subdistrict in the sample is 74 sq km; the average population is 5043.
Outcomes. The poverty measures used in the analysis are country-specific. The Costa Rica analysis uses a relative poverty measure in which census tracts are compared to each other, not an absolute standard like $1/day. The Thailand analysis uses an absolute standard based on consumption, which is the Thai government definition of the poverty line, rather than an international standard. Thus in both cases we use measures that are more akin to defining poverty as "a socially-specific concept, whereby the consumption needs for escaping poverty in a given
society depend on what people generally consume in that society" (3). We believe this notion of poverty is the most policy-relevant notion for nations contemplating maintaining or expanding protected areas (in contrast to, for example, an international poverty line). For additional background on the measurement of poverty in general, see (3) (4) (5) . Covariates. We control for covariates that could potentially confound the estimation of the effects of protection. We confirmed the narrative and empirical evidence that these variables also affect the designation of protected areas by modeling the selection process directly using our data and a probit model (regressing a dummy variable for treatment on the covariates).
For the Costa Rica analysis, we control for the following covariates in the matching analysis: The choice of variables for the Thailand analysis draws on qualitative research into the history of the process of designation for protected areas in Thailand (16) . Areas in Thailand were more likely to be protected if they were important for national watershed protection, were further from high quality agricultural land, were forested on historical land use maps, and were further from mineral and timber resources (16) . All of these factors are also likely to affect socioeconomic outcomes. Control variables were therefore chosen that could best proxy for these factors. The sources of these data are described in Because Thailand was primarily an agricultural country throughout this period, forest cover serves as the best available control for prior level of development. To control for unobservable differences in political/institutional characteristics or initial regional development, we use exact matching at the district level.
Methods
In statistical jargon, the socioeconomic effects of protected areas that we attempt to measure are the Average Treatment Effect on the Treated (ATT). The methods of matching provide one way to estimate the ATT when protection is influenced by observable characteristics and the analyst wishes to make as few parametric assumptions as possible about the underlying structural model that relates protection to the socioeconomic outcomes (e.g., the poverty index). Matching works by, ex post, identifying a comparison group that is "very similar" to the treatment group with only one key difference: the comparison group did not participate in the program of interest (21) (22) (23) . If the researcher can select observable characteristics so that any two census communities with the same value for these characteristics will display homogenous responses to the treatment (i.e., protection is independent of outcomes for similar communities), then the treatment effect can be measured without bias. Mathematically, the key assumption is: which communities are matched. This is called the conditional independence assumption and its implication is that, conditional on X, the outcomes and treatment are independent. In the context of our analyses, this assumption implies that, after conditioning on a set of observable characteristics, poverty outcomes are independent of protected area assignment (as would be the case if protected areas were randomly assigned across the landscape). For identification purposes, we also need one other assumption called the overlap assumption:
for c > 0. This assumption implies that the conditional distributions of the treated and control units overlap for the vector of covariates X. This assumption is required for identification, because if all communities with a given vector of covariates were protected, there would be no observations on similar unprotected communities.
The matching methods used in the analysis are described in the main text. Table S5 presents the covariate balancing results for Costa Rica when matching without calipers. The table includes three measures of the differences in the covariate distributions between protected and unprotected segments: the difference in means, measures of the distance between the two empirical quantile functions (values greater than 0 indicate deviations between the groups in some part of the empirical distribution), and the mean difference in the empirical cumulative distribution (to compare relative balance across the covariate dimensions). If matching is effective, these measures should move dramatically towards zero (24) . The measures in the fifth to ninth columns indeed move dramatically towards zero after matching (we present the matching method that yields the best covariate balance). Covariate balance is even more improved when matching with calipers, particularly on the road-less volume where the difference in mean values falls to 59.5 km 3 (full balancing results available from authors).
8 Sensitivity to Hidden Bias. To determine how strongly an unmeasured confounding variable must affect selection into the treatment to undermine our conclusions, we use the bounds recommended by Rosenbaum (25) . Although there are other sensitivity tests available (e.g.,
), Rosenbaum's bounds are relatively free of parametric assumptions and provide a single, easily interpretable measure of the way in which the unobservable covariate enters.
If the probability of agent j selecting into the treatment is j π , the odds are then
The log odds can be modeled as a generalized function of a vector of controls j x and a linear unobserved term, so
, where j u is an unobserved covariate scaled so
. Take a set of paired observations where one of each pair was treated and one was not, and identical observable covariates within pairs. In a randomized experiment or in a study free of bias, 0 = γ . Thus under the null hypothesis of no treatment effect, the probability that the treated outcome is higher equals 0.5. The possibility that j u is correlated with the outcome means that the mean difference between treated and control units may contain bias.
The odds ratio between unit j which receives the treatment and the matched control outcome k is: We contrast outcomes using matched units from the analysis with and without calipers. The Rosenbaum bounds test is then used to test the difference between the paired outcomes.
Rosenbaum bounds compute bounds on the significance level of the matching estimate as > 1 (25) . Note that the assumed unobserved covariate is a strong confounder: an unobserved covariate, or set of them, that is a near perfect predictor of protected areas' effects on poverty, is closely associated with the spatial assignment of protection, and is uncorrelated with the other covariates for which we control in the analysis. Showing that a result is sensitive at a given level of Γ does not mean that this strong confounder exists and that protection has no impact. Tables S8 and S9 We also examine the Γ at which the 95% confidence interval would include an effect of protection on poverty of a "moderate" effect size of 0.5 (27) , but in the opposite direction (i.e., protection exacerbates poverty). In other words, we determine the levels of Γ at which the confidence interval would include a positive ATT with an effect size of 0. The omitted confounder would have to be one that increases the odds that a unit has more than 10% of its area protected by more than three-fold in Costa Rica and more than five-fold in Thailand.
Robustness Checks
The conclusions in the main text are also robust to alternative ways to control for imperfect matching, changes in the sample composition, changes in the matching specifications, and changes in the scale of the analysis. The estimates reported in the main text are our best estimates of the effects of protection on poverty. The robustness checks described below are not intended to increase the accuracy of our estimates, but rather to determine if alternative analyses would give estimates that would overturn our conclusions. We find they would not: under no robustness check do we draw the conclusion that protected areas exacerbated poverty.
Post-matching Regressions. Successful matching makes treatment effect estimates less dependent on the specific post-matching statistical model (24) . In the main text, we use Abadie and Imbens' post-matching bias-correction procedure to adjust for imperfect matching (30) . An alternative approach is to run post-matching Ordinary Least Squares (OLS) regressions on the matched samples. We report only the marginal effect estimates because hypothesis testing is not the purpose of this analysis, but rather to confirm Fig 1' s estimates (Table S7) are robust to alternative model specifications. See table S13 for † When we improve balance by matching with calipers, the estimate decreases by more than 80 percent, and is no longer significantly different from zero (p<0.10); a post-matching regression estimates reduces the estimate by more than 60 percent.
Other robustness checks.
Changing the scale of the unit of observation (Costa Rica
14 covariate balance, and table S14 for tests for hidden bias for this analysis. Table S14 indicates that the estimates of the impact of protection for these Costa Rica census data are slightly more robust to potential hidden bias than the estimates reported in the main text. The lower half of table S14 shows that for the confidence interval for the estimate from these data to include a finding of moderate size that protection exacerbates poverty, Γ must be greater than 5.1.
Including protected areas established later (Costa Rica and Thailand):
We estimate the treatment effects of protected areas established before 2000. Table S15 presents the estimates.
Varying the threshold of protection (Costa Rica and Thailand):
We vary the threshold criterion for defining a treated unit from 20% to 50%. Tables S16a and 16b present the matching estimates, including the 10% threshold estimates from Table S7 and Fig 1 for reference.
Testing for the presence of spillovers into control units (Costa Rica and Thailand): Households
in census tracts or subdistricts that are close to treated units might also be positively or negatively affected by protected areas. If such spillovers are negative, they can make it appear as though protection alleviates poverty. If they are positive, they can mask some of the impact of protection in treated units because poverty was also alleviated in some control units as a result of protected areas. To explore these possibilities, we take two approaches. Both approaches assume that if spillovers exist, they are a decreasing function of distance from protected area boundaries (i.e., the closer a unit is to the protected area, the more affected it would be by the protected area). The first approach removes from the control group any units that could be contaminated by spillovers. We re-estimate the treatment effects after excluding all control units within 10 km of a protected area. The results, in the first two columns of Table S17 ("exclusion check"), are similar to those in Table S7 . We then directly estimated local spillovers by matching control units located within 5 km of a protected area to control units farther away from protected areas.
This second approach ("estimation check") aims to directly measure spillovers by comparing outcomes in control units "close" to protected areas with matched control units "far" from protected areas: in other words, we take the sample of control units and redefine treatment as having a protected area located within a specified distance from the unit but not in the unit itself.
These results yield small values that are not statistically different from zero (columns 3 and 4 of Table S17 ). Based on the signs of the estimates (and estimates using a 2 km buffer, not reported here), the results indicate that to the extent that socioeconomic spillovers to surrounding communities exist, these spillovers are positive; i.e., control units near protected areas experience reduced poverty as a result of their proximity to protected areas. Thus, if spillovers are present, they are likely biasing our estimates towards zero, making it harder to detect a poverty alleviation effect and implying our estimates may somewhat underestimate the poverty reduction impacts of protection. Testing hypotheses in a separate regression framework by including a spatial lag measuring distance to protected area yields a similar conclusion.
Changing the set of control units (Costa Rica and Thailand):
We vary the rule that control units must have less than 1% of their area overlapping with protected areas (results available upon request). Inferences regarding effects of protection on poverty and population do not change with these changes in the rule. ^ Average treatment effect on the treated of more than 10% of the segment protected before 1980. # Average treatment effect on the treated of more than 10% of the sub-district protected before 1985. † A t-test of the difference in means between treated and control segments. ‡ For Costa Rica, Mahalanobis covariate matching is used. For Thailand, nearest-neighbor propensity score matching with exact matching on district is used. Robust standard errors are in parenthesis under estimate.
• Calipers restrict matches to units within 1 standard deviation of each covariate. *** and ** indicate significance at 1% and 5% levels, respectively. • Calipers restrict matches to units within 1 standard deviation of each covariate. *** and ** indicate significance at 1% and 5%, respectively. 
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^ Average treatment effect on the treated of more than 10%, 20%, or 50% of the segment protected before 1980. # Average treatment effect on the treated of more than 10%, 20%, or 50% of the sub-district protected by 1985. ‡ For Costa Rica, covariate matching on the Mahalanobis distance metric is used. For Thailand, nearest neighbor propensity score matching with exact matching on district is used. Robust standard errors are in parenthesis under estimate (Abadie & Imbens) .
• Calipers restrict matches to units within 1 standard deviation of each covariate. *** and ** indicate significance at 1% and 5%, respectively. ^ Outcome is poverty index for Costa Rica and poverty headcount ratio for Thailand. † For Costa Rica, Mahalanobis covariate matching is used. Robust standard errors are in parenthesis under estimate of average treatment effect. For Thailand, nearest-neighbor propensity score matching with exact matching on district is used. Robust standard errors are in parenthesis under estimate.
• Calipers restrict matches to units within 1 standard deviation of each covariate. *** and ** indicate significance at 1% and 5% levels, respectively.
